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Receiver operating characteristics (ROC)
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Area under ROC−curve: 0.889923 (good)
Figure 1: ROC curve with artificial data plot-
ted with brede vol plot roc.m.
ROC curve/analysis in fMRI (Constable
et al., 1995).
Model comparison with null data and
simulated response (Sorenson and Wang,
1996; Lange et al., 1999; Lange et al.,
1998).
Requires the “ground truth”
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ROC analysis with no “ground truth”
No ground truth but repeated experiments (Genovese et al., 1997; Gen-
ovese et al., 1996).
A mixture of two binomial distributions (Gelfand and Solomon, 1974)
p(n|PA, PI, λ) ∝
M∑
m=0
nm ln
[
λPmA (1− PA)
M−m+ (1− λ)PmI (1− PI)
M−m
]
,
where M is the number of replications, PA and PI are probabilities for a
positive classification to be truly active and truely inactive, respectively.
Application for, e.g., evaluation of respiratory artifact correction tech-
niques (Noll et al., 1996), comparison of Student t and Kolmogorov-
Smirnov statistics (Genovese et al., 1997).
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Small binomial mixture example
M = 4 replicated thresholded “volumes”:


1 1 0 0 1 1 0 0 0 1 0 1
0 1 0 1 1 1 0 0 0 1 0 1
1 0 0 1 1 0 0 0 0 1 0 1
1 1 0 0 1 0 0 0 0 1 0 1




︸ ︷︷ ︸
Voxels V = 12
Replications M = 4 (1)
The sufficient statistics n, with, e.g., the first element counting the num-
ber of voxels that are zero in all replications.
n = [5,0,2,2,3] . (2)
Estimation of the parameters PA, PI and λ
PA = 0.78, PI = 0, λ = 0.58 (3)
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ROC binomial mixture — Example
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1
ROC curve
False positive rate (1−specificity, type I error)
Tr
ue
 p
os
itiv
e 
ra
te
 (s
en
sit
ivi
ty)
Area under ROC−curve: 0.918541 (excellent)
Figure 2: ROC curve with artificial data plotted.
“Volume” with 1000 truly active,
9000 truly inactive “voxels”.
Addition of independent Gaus-
sian noise
Estimation of PA, PI and λ
from 10 replications at different
thresholds.
Plotting of PA (y-axis) and PI (x-
axis) in the ROC plot (the red
dots).
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ROC and binomial mixture — Example ...
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(a) More noise
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(b) Fewer truly active: 100
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ROC and binomial mixture — Example ...
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λ = 0.987774
Bar plot of n.
Estimates of PA, PI and λ
The two modes of n is in this case
modeled well.
In this case the mixing coefficient is
also modeled well:
λ = 0.988 ≈ 9900/10000 (4)
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Binomial mixture for ROC
A noisy estimate of the ROC curve.
Might be wrong if there is an imbalance between the number of active
and inactive voxels.
Assumption on spatial independence among voxels.
Bias/variance: The binomial mixture will only model the variance. If the
methods are systematically wrong then this will not be accounted for.
Finn A˚rup Nielsen 8 September 26, 2006
MAPAWAMO
Digitization
Figure 3: Digitization of points along STS at
y = −3mm.
Digitization of superior temporal sul-
cus (STS) from coronal anatomical T1
(jerom cmpr) images y = 21mm to
y = −8mm.
Focus on specific interesting area
Global multivariate methods are influ-
enced by noise and signal from other
areas.
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Superior temporal sulcus
Figure 4: Z-score map for harmonic analysis
threshold at |z| > 2 with jerom cmpr as back-
ground. Jerom session 25, run 17.
Superior temporal sulcus (STS) con-
tains MT visual motion area.
Strong signal around (18,−5,18) and
(18,−4,17) Jerom space in Jerom ses-
sion 25.
Here analyzed with Fisher’s G that
compares the strongest periodogram
component with the rest (Fisher,
1929; Fisher, 1940). Suggested for
automated analysis in neuroimaging
(Van Horn et al., 2002). No param-
eters in the model, Experiment should
be periodic
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(a) From Vanduffel et al., 2001, fig-
ure 2b, MION signal from Jerom at
y ≈ −3mm
(b) With digitization. Analyzed with
Fisher’s G. Hot color scale
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ROC curves for Jerom data
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Figure 5: Estimated ROC curves.
Estimated ROC curves from differ-
ent analyses on Jerom, session 25.
Nine replications: Type A runs.
Ranking: Cross-correlation > FIR >
Fisher G > ICA
Performance estimate of cross-
correlation might be biased, e.g., it
does not divide by the noise.
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“Dependent” likelihood
λ common for all k: Interpretable as the number of truly positives should
not change across the ROC curve.
p(N|PA,1, PI,1, . . . , PA,K, PI,K, λ) ∝
K∑
k=1
M∑
m=0
nk,m ln
[
λPmA,k(1− PA,k)
M−m
+ (1− λ)PmI,k(1− PI,k)
M−m
]
,
where K is the number of points, e.g., along the ROC curve.
Matrix with sufficient statistics N(K ×M +1)
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ROC curve with common λ
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Figure 6: ROC curve with common λ.
ROC curve with common λ
true the ROC curve.
Smooth monotonous curve.
Still different λ for each analy-
sis method: 1−λ: 0.56, 0.50,
0.81, 0.60
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ROC curve with common λ
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Figure 7: ROC curve with common λ.
ROC curve with common λ
true the ROC curve and
across models
Common λ = 0.43.
Small differences.
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SVD of summary images
 2
3
FIR 1
FIR 2
FIR 3
FIR 8
FIR 9
FIR 10
FIR 14
FIR 15
FG 1
FG 2
FG 3
FG 8FG 9
FG 10 FG 14
FG 15
CC 1
CC 2CC 3
CC 8
CC 9CC 10
CC 14
CC 15
ICA 1
ICA 2
ICA 3
ICA 8
ICA 9
ICA 10
ICA 14
ICA 15
Figure 8: Second and third principal component.
Singular value decomposi-
tion (SVD) of summary im-
ages across runs and meth-
ods.
Histogram equalized to a
Gaussian distribution.
ICA show the highest vari-
ance and cross-correlation
the lowest, i.e., in accor-
dance with the ROC curve.
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Clustering
K-means clustering (Goutte et al., 1999; Goutte et al., 2001; Balslev
et al., 2002) implemented in Lyngby and Brede.
Unsupervised segmentation from functional data: Dynamic complex vi-
sual scene segmented (James Bond movie) with independent component
analysis (Zeki et al., 2003).
Unsupervised segmentation from diffusion data: Thalamic nuclei with
K-means (Wiegell et al., 2003).
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Segmentation of STS
Figure 9: Segmentation of STS. From (Tsao et al.,
2003, figure 1a).
Functional areas within superior
temporal sulcus (STS):
V4t, MT, MST, FST, TEO,
TEc, TEr
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Segmentation of STS
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(a) “Flatmap” (b) Y = 3mm
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Relations to workpackages
Workpackage 5: Comparative study of fMRI models.
Deliverable 5.1, Publication ROC evaluation consensus artificial data:
Consensus models (Hansen et al., 2001).
Deliverable 5.2, Software ROC evaluation consensus artificial data: Func-
tions implemented in Lyngby (Hansen et al., 1999) and Brede (Nielsen
and Hansen, 2000): lyngby cons main, brede vol plot roc, brede pde binmix
Deliverable 5.3, Publication ROC consensus 2DG data: No 2DG/fMRI
data available.
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Workpackage 4: Novel approaches to generation of activity maps
Deliverable 4.1, Publication on feature extraction: Feature space cluster-
ing (Goutte et al., 2001).
Deliverable 4.6, Software feature extraction & pattern recognition tech-
nique for activity maps: Lyngby and Brede extended with, e.g., meta
clustering, independent component analysis, non-negative matrix factor-
ization and Fisher’s G.
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Workpackage 3: Warping (intra- and intersubject)
Bibliography on Image Registration, a small list of methods and tools
http://www.imm.dtu.dk/˜fn/bib/Nielsen2001BibImage/
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Conclusion
ROC curves without ground truth possible but probably biased estimate.
Lyngby and Brede able to analyze data that is not necessarily a volume,
e.g., might be interesting for functional segmentation of local areas based
on fMRI.
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